This paper examines whether investor heterogeneity can be used for asset-pricing purposes in emerging markets. We pose this question, since the lack of transparency and greater uncertainty, which are typical of those markets, render it more likely that investors will disagree with each other and hold different portfolios, resulting in a mean-variance inefficient market portfolio. Consequently, we examine whether a heterogeneity-based factor can sufficiently augment the market portfolio, so that the two can function as multivariate proxies for the tangency portfolio. We test this hypothesis in the Korean stock market in which the measures of heterogeneity such as foreign ownership and institutional holdings are available for a large number of stocks over an extended period of time. We find that the heterogeneity-augmented two-factor model outperforms the CAPM one-factor and the Fama-French three-factor models. Consistent with the greater severity of investor heterogeneity in emerging markets, a developed market with comparable data availability, namely, Japan, shows similar but weaker test results.
Introduction
Despite the massive financial integration over the past several decades, stock markets in different countries have yet to be fully integrated (Karolyi and Stulz, 2003) . Furthermore, crosscountry segmentation and in particular the distinction between emerging and developed markets are frequently attributed to rather time-invariant institutions, including political uncertainty, lack of transparency, and poor corporate governance (e.g., Nishiotis, 2004; Stulz, 2005; Bekaert, Harvey, Lundblad, and Siegel, 2007) . Consequently, a different approach to emerging market asset pricing is warranted, one which takes into consideration its uniqueness. In this paper, we examine the role of investor heterogeneity in an attempt to develop such an alternative approach to explaining the cross-section of average stock returns in an emerging market.
Our interest in investor heterogeneity arises naturally, as the uncertain and opaque nature of emerging markets, coupled with the increased presence of foreign investors, maximizes the scope for disagreement among investors. More importantly, investor heterogeneity has an asset-pricing implication. Recall that the well-known failure of the CAPM is attributed to the mean-variance inefficiency of the market portfolio, or equivalently, its deviation from the mean-variance efficient tangency portfolio (Fama, 1976; Roll, 1977) . As shown by Fama and French (2007) , investor heterogeneity contributes to this wedge between the market portfolio and the tangency portfolio. Specifically, when heterogeneity exists among investors and one group of investors does not hold the tangency portfolio for some reason, the other group of investors will also deviate from the tangency portfolio to clear the market, thereby making the market portfolio different from the tangency portfolio. Consequently, risk-sharing within the market is limited, and an extra risk premium arises which is not associated with covariance with the market portfolio (Merton, 1987) . In a market where this type of inefficiency is relevant, it is thus conceivable that the market portfolio can be augmented sufficiently by an additional factor representing the premium associated with the limited risk-sharing due to investor heterogeneity. Or equivalently, as a model of multivariate proxies for the tangency portfolio, a heterogeneity-augmented twofactor model may more parsimoniously explain the cross-section of average stock returns.
To gauge empirically the feasibility of this two-factor model in an emerging market, we measure investor heterogeneity using foreign or institutional ownership on the grounds that the composition of the stock portfolio differs between locals and foreigners and between individuals and institutions (e.g., Falkenstein, 1996; Kang and Stulz, 1997; Cohen, 1999; Gompers and Metrick, 2001; Dahlquist and Robertsson, 2001; Giannetti and Simonov, 2003; Ahearne, Griever, and Warnock, 2004; Lins and Warnock, 2006) . 1 Specifically, we construct the heterogeneityaugmenting factor using the hedged portfolio that is long in stocks with low foreign (or institutional) ownership and short in stocks with high foreign (or institutional) ownership. We then test the resultant two-factor (i.e., market portfolio + heterogeneity-augmenting factor) model in the Korean stock market in which both heterogeneity measures are available on a large number of firms for a reasonably long period of time, and then put the Korean results into perspective by comparing them with the test results for a developed market with similar data availability, namely, Japan.
Our test procedure is straightforward. In a given market, we examine the explanatory power of the two-factor model for the monthly returns on size-or book-to-market-ratio-sorted portfolios, and compare its performance with that of the CAPM one-factor and the Fama-French three-factor models. Our particular test portfolios are motivated by the fact that firm size and book-to-market 1 Besides foreign or institutional ownership, we considered several other heterogeneity measures. However, few of them seem to be suited for our analysis, as they lack the needed asset pricing implications. For example, young and old investors may well differ in their stock holdings, but this difference is more likely to be about the allocation to stocks in their overall portfolio rather than about the composition of their stock holdings per se. This distinction is important because it is the latter that makes the market portfolio inefficient. For example, even if some investors allocate all their money to stocks while others invest only 10 percent of their wealth in stocks, the market portfolio can still be mean-variance efficient, as long as their stock portfolio compositions are the same. As an illustration, the former may invest exclusively in the stock market index, whereas the latter invest only 10 percent of their wealth in the same stock market index and put the remaining 90 percent in the money market fund. Since the mean-variance inefficiency of the market portfolio arises when some investors deviate from the tangency portfolio, a researcher can start with a proxy for informationally disadvantaged (Kang and Stulz, 1997) or institutionally constrained investors (Ross, 1989) . Our choice of foreigners and institutions is motivated in this context. ratio (BM, hereafter) are the two most important firm characteristics that are independently correlated with stock returns. In other words, a valid asset pricing model first must be capable of explaining the cross-sectional dispersion in average return along these two dimensions. However, we also utilize individual stocks as test assets to ensure the robustness of our portfolio results.
The comparison with the Fama-French three-factor model is motivated by the fact that it is the most widely used asset pricing model specifically designed to explain the size-and BM-related stock return. In other words, we do not assume that the Fama-French three factor model is the best among the existing asset pricing models. Related, as we examine the two countries in which no momentum profit is found (e.g, Griffin, Ji, and Martin, 2003), we do not consider other models including the momentum factor.
We find that the heterogeneity-augmented two-factor model performs the best among the three competing models in the Korean market. Compared to the CAPM one-factor and the FamaFrench three-factor models in the time-series regression context, our two-factor model significantly reduces the number of incidences of a significant regression intercept. The timeseries regression intercept represents the average return on the test asset that is not explained by the suggested risk factor(s). Hence, this result indicates that the two-factor model explains the average stock return better than the other two models. We also confirm that the results are robust to using individual stocks as test assets.
The cross-section of average stock return is then examined by a joint test for the regression intercepts across test assets (Fama and French, 1993; Griffin, 2002) . Both the Wald and the Gibbons, Ross, and Shanken (1989; GRS, hereafter) tests show that our two-factor model best explains the cross-section of average stock returns. As another cross-sectional analysis, we employ the Fama-MacBeth regression analysis, which first fits the cross-section of stock return using the factor loadings as the explanatory variables and then average their cross-sectional regression coefficients over time. We find that the estimated loading on the heterogeneity-augmenting factor is more useful than the loadings on the size and BM factors in explaining stock returns cross-sectionally. Karolyi, 1999) . In fact, we find that our foreign ownership-based model outperforms this alternative two-factor model.
The performance of the two-factor model in the Japanese market is, as might be expected, similar to but weaker than its performance in the Korean market. For the period from 1976 to 2004, the two-factor model outperforms the other two models by only a modest margin in the time-series regression analysis, whereas the dominance of the heterogeneity-augmenting factor over size and BM factors remains pronounced in the Fama-MacBeth regressions. Although making only two observations, the different results between the two markets are consistent with the larger role of investor heterogeneity in emerging market asset pricing. For example, the stronger foreign ownership-based results in Korea are consistent with the greater severity of the so-called home-bias in emerging markets (e.g., Ahearne, Griever, and Warnock, 2004) .
In summary, our empirical results lend strong support to the idea of using investor heterogeneity for asset-pricing purposes. The results also suggest that this idea be useful especially for emerging markets in which the heterogeneity-driven inefficiency in the market portfolio is likely to be more severe. In drawing these implications, we stress that investor heterogeneity is not motivated as another firm characteristic relevant to asset pricing, besides firm size and BM. 2 In other words, unlike a firm characteristic-based multifactor model, our model does not suggest a new priced risk. Recall that the characteristic-based approach typically starts with certain firm attributes that are already known to be correlated with average stock.
Consequently, the resultant risk factors are frequently criticized as being post-selected but hard to identify the underlying risks (e.g, Ferson et al., 1999; Berk, Greene, and Naik, 1999; Daniel, Hirshleifer, and Subrahmanyam, 2005) . In stark contrast, we begin by asking why the market portfolio cannot serve as the sole risk factor, and thus are motivated to use investor heterogeneity as an augmenting factor, so that the two can together function as multivariate proxies for the tangency portfolio.
We also emphasize that our two-factor model is not designed to capture the return commonalities caused by the demand shock to stocks preferred by foreigners or institutions.
Although it is possible that those investor groups create a common demand shock to stocks with certain characteristics and hence their return comovement, the resulting "premium" cannot be persistent and will be subsequently reversed when the demand shocks disappear (Gompers and Metrick, 2001) . For this reason, we are careful to construct our heterogeneity-augmenting factor using the subsequent stock return (see Section 3 for details). Consequently, this additional factor, which is based on a hedged portfolio that is long in stocks with low foreign (institutional) ownership and short in stocks with high foreign (institutional) ownership, has a positive average return.
This paper proceeds as follows. In the next section, we motivate our two-factor model in a more theoretical context. Section 3 describes the sample and data, and Section 4 reports the empirical results for the Korean stock market. Section 5 provides an array of robustness checks including the tests using the Japanese data. Finally, Section 6 concludes the paper.
Heterogeneity-augmented factor model
2 For studies searching for other price-relevant firm characteristics, see, e.g., Hou, Karolyi, and Kho (2007) .
In this section, we motivate our two-factor model in a more theoretical context. We do so by beginning with the empirical inadequacy of the CAPM that has given rise to a variety of multifactor models (see, e.g., Fama and French, 1992, 1993) . As mentioned in the introduction, the failure of the CAPM, or equivalently, the insufficiency of the market portfolio as the sole risk factor is simply due to the fact that the market portfolio is not mean-variance efficient (see, e.g., Fama, 1976; Roll, 1977) . 3 As a result, the subsequent studies have focused on the question as to what other factor(s) can best complement the inefficient market portfolio.
Firm characteristics-based factor model
A typical approach to complementing the inefficient market portfolio begins with the empirical observation that certain firm characteristics, besides the covariance with the market portfolio, are correlated with the cross-section of average stock returns. They include the market value of equity, the ratio of book value of equity to its market value (or book-to-market ratio), the price-to-earnings ratio, and leverage, to name a few. Fama and French (1992) find that the bookto-market ratio and market capitalization subsume other variables in explaining the cross-section of average stock returns in the U.S. market. Fama and French (1993) then create factormimicking portfolios based on the two variables, and show that the size and book-to-market effects disappear once the loadings on these two additional factor-mimicking portfolios, as well as the one on the market portfolio, are taken into consideration. The authors also provide international evidence for the characteristic-based factor-mimicking portfolios, especially the one based on book-to-market ratio (Fama and French 1998) .
In their later study, Fama and French (2007) clarify the possible sources of the wedge between the market portfolio and the tangency portfolio. Specifically, they show that the market portfolio is mean-variance inefficient when: (1) investors disagree and hold different portfolios of risky assets, (2) investors hold risky assets for reasons besides their expected returns, and (3) investors hold risky assets to hedge against unexpected changes in investment and consumption opportunity sets (i.e., state variable risks). However, since it is difficult to disentangle the three sources of the inefficiency (and as a matter of fact, they are not mutually exclusive), the authors suggest being "agnostic about whether the tangency portfolio is not the market portfolio because of disagreement, tastes for assets as consumption goods, state variable risks, or an amalgam of the three. (p. 685)" In fact, the authors further suggest that "One approach to capturing T [meanvariance efficient tangency portfolio] is to form a set of diversified portfolios that seem to cover observed differences in average returns related to common factors in returns. If these portfolios span T, they can be used (along with the risk-free rate) to describe differences in expected asset returns. (pp. 684-685)"
Investor heterogeneity-based factor model
A closer examination of the three sources suggests that investor heterogeneity is at the heart of the mean-variance inefficiency of the market portfolio. For example, if investors have different expectations about the probability distribution of future asset returns owing to different access to information or different degrees of rationality (which thus correspond to the first two sources), then some investors may well hold a non-tangency portfolio and thus make the overall market portfolio deviate from the tangency portfolio. Alternatively, heterogeneity in other dimensions can also cause the market portfolio to be different from the tangency portfolio even if investors completely agree on the probability distribution of future asset returns. For example, investors residing in different countries will perceive different risks even if they have the same expectations about foreign exchange rate changes. If investors use stocks to hedge against their own state variable risks in addition to holding the common tangency portfolio, their portfolios and thus the aggregate market portfolio will differ from the tangency portfolio (see Merton, 1973; Fama, 1996) .
The deviation of the market portfolio from the tangency portfolio implies that there is an additional risk premium that is not related to the covariance with the market portfolio. This extra risk premium arises from the imperfect risk-sharing within the market in the spirit of Merton (1987) . Recall that heterogeneity causes a certain group of investors to prefer only a subset of stocks in the market or hold stocks in different proportions than in the tangency portfolio. As long as this group of investors is not driven out of the market, their preference for certain stocks in a particular proportion will force other investors to clear the market by holding the remaining proportion in addition to their own optimal portfolio. Since this additional holding is costly, those other investors need to be rewarded. The reward is provided in the form of a lower purchasing price, so that an extra return premium subsequently accrues. This premium is effectively the outcome of the imperfect risk-sharing due to investor heterogeneity, and corresponds directly to the inefficiency of the market portfolio.
To the extent that this type of inefficiency is economically significant, a two-factor model can be motivated in which the market portfolio is augmented by an additional factor that captures the premium associated with the limited risk-sharing due to investor heterogeneity. In other words, the market portfolio and a heterogeneity-augmenting factor combined can function as a proxy for the tangency portfolio. This idea appears to be most suited for emerging markets, since these markets suffer from political uncertainty, lack of accounting transparency, various corporate governance problems, and the like, all of which maximize the degree of investor heterogeneity and thus the extent of this type of limited risk-sharing.
To gauge empirically the feasibility of this idea, we must measure investor heterogeneity. We first consider foreign ownership. It is well documented in the international finance literature that foreign investors selectively hold domestic stocks with certain characteristics (see, e.g., Kang and Stulz, 1997; Dahlquist and Robertsson, 2001; Giannetti and Simonov, 2003; Ahearne, Griever, and Warnock, 2004; Lins and Warnock, 2006) . 4 Even with such selective demand, foreigners will not be driven out of the domestic market, because they need some domestic stocks for global diversification or other benefits. 5 This selective demand of foreign investors will induce domestic investors to deviate from their optimal tangency portfolio by underweighting stocks preferred by foreigners and by overweighting the stocks they avoid. In equilibrium, domestic investors will do so while receiving a reward in the form of the lower purchase prices of those stocks avoided by foreigners and their higher return in the future. Thus, we expect the return on the portfolio long in stocks with lowest foreign ownership and short in stocks with highest foreign ownership to serve as the heterogeneity-augmenting factor in the two-factor model.
Alternatively, we use institutional holdings to measure investor heterogeneity. The difference in portfolio composition between individuals and institutions is also well established in the literature (e.g., Falkenstein, 1996; Cohen, 1999; Gompers and Metrick, 2001 ). In addition, this alternative measure is instructive for us to understand the extent to which our results are unique to foreign investors rather than investor heterogeneity in general. Since the mean-variance inefficiency of the market portfolio arises when some investors deviate from the tangency portfolio, a good heterogeneity measure should be a proxy for informationally disadvantaged (Kang and Stulz, 1997) or institutionally constrained investors (Ross, 1989) . Our two measures are motivated in this context.
Alternative interpretations
There is an alternative way to look at our two-factor model. Focusing on foreign ownership, the additional factor is feasible only in a market in which foreigners can invest. Hence, our model is closely related to international asset pricing models. A number of international asset pricing models show that when a stock market moves from complete segmentation to full integration, the relevant asset pricing model changes from the domestic version of the CAPM to the world CAPM.
In other words, the relevant tangency portfolio is not the domestic market portfolio but the world market portfolio (see, e.g., Errunza and Losq, 1985; Alexander, Eun, and Janakiramanan, 1987; Stulz, 1999) . As the majority of economies are characterized as partially integrated (or partially segmented), however, a more realistic asset pricing model is in the spirit of a two-factor model containing both the domestic and foreign risk factors (e.g., Foerster and Karolyi, 1999, Morck, Yeung, and Yu, 2000) . Our two-factor model can be viewed as the one in which the foreign ownership-based heterogeneity-augmenting factor represents the foreign factor. Based on the actual stock holdings of foreign investors, however, our heterogeneity-augmenting factor is expected to better capture the extent of the global risk-sharing between domestic and foreign investors, and the loading on this factor is likely to prove more informative.
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Another interpretation of our two-factor model has to do with the correlation of foreign or institutional ownership with various firm characteristics, including firm size, liquidity, leverage, governance, transparency, riskiness, and past stock returns (see, e.g., Kansg and Stulz, 1997; Cohen, 1999; Dahlquist and Robertsson, 2001; Gompers and Metrick, 2001; Giannetti and Simonov, 2003; Ahearne, Griever, and Warnock, 2004; Lins and Warnock, 2006) . Since those firm characteristics are themselves correlated with the cross-section of average stock returns, foreign or institutional ownership can be viewed as a "catch-all" variable for many of those pricerelevant firm characteristics. It then follows that our heterogeneity-augmenting factor can subsume the firm characteristic-based factors. Although not correctly revealing the theoretical background of our two-factor model -namely, a model of the multivariate proxies for the tangency portfolio -, this alternative interpretation clarifies the improvement that our model is making in terms of parsimony.
Sample and data
Our main 
Empirical results -Korean stock market

Heterogeneity-augmenting factor
To construct the heterogeneity-augmenting factor, we sort our sample stocks into five groups at the end of June in year t by one of our heterogeneity measures from the most recent fiscal year (i.e., t-1), and use the resultant quintile rankings from July of year t to June of year t+1. An equally weighted portfolio is constructed within each quintile, and the heterogeneity-augmenting factor is the return on the portfolio long in the lowest quintile portfolio and short in the highest quintile portfolio. Table 2 reports the summary statistics of the foreign or institutional ownership-based heterogeneity-augmenting factor (FOF and IOF, respectively) and other factor-mimicking 9 Panel A also shows that at the beginning of the sample period, both the 20 th and 40 th foreign ownership percentiles are zero, so both quintile groups are used to construct the heterogeneity-augmenting factor. portfolios. For the period from July 1992 to December 2006, the average return on the market portfolio in excess of the risk-free rate is 0.3 percent per month, which translates to an annual market risk premium of approximately 3.7 percent. This number seems small and is also statistically insignificant. We suspect that this is partly attributable to the high interest rates during the Asian crisis period. In an unreported result, we excluded the crisis period of July 1997 to June 1998, and found that the average monthly return on the market portfolio increases to 0.8 percent. Similar to the market risk premium, the premium for SMB is negative during the full sample period but turns positive once the crisis period is excluded. The premium for HML, on the other hand, is sizable (0.7 percent per month) and appears to be reliably different from zero (tstatistic = 1.744).
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We find that FOF commands a sizable premium: it is estimated to be 0.9 percent during the sample period. A positive return premium for FOF makes sense since, as the return difference between the low foreign ownership stock portfolio and the high foreign ownership stock portfolio, it represents the compensation for domestic investors who hold the stocks avoided by foreigners in addition to their own optimal portfolio. Similarly, IOF has the average return of 1.2 percent per month with the t-statistic of 2.128 during the shorter period ending in June 2005.
The correlation coefficients of the heterogeneity-augmenting factors with other factormimicking portfolios are given in the second panel of Table 2 . Both FOF and IOF are correlated 10 The different return premiums for SMB and HML may have to do with the way that they are constructed. As in Fama and French (1993) , HML is based on the 30 th and 70 th percentiles while SMB is based on the median. Fama and French choose this specification because the book-to-market ratio is shown to be more relevant for average stock returns compared to firm size in their earlier study (1992) . This finding may not carry over to other markets like Korea, but the Fama-French specification seems to be accepted as a norm even in non-U.S. markets. positively with SMB, since foreigners and institutions are known to avoid small stocks. However, their correlation with the market portfolio or with HML is statistically insignificant.
Time-series regression analysis
To examine how well an asset pricing model explains the cross-section of average stock return, we first employ the time-series regression of an asset's return on the realization of the suggested risk factors. As noted by Fama and French (1993) and Griffin (2002) , the intercept from this regression represents the average return on the test asset that is not explained by the risk factors. Hence, the explanatory power of an asset pricing model for the cross-section of average stock return can be judged by a joint test for the intercepts across test assets. In this setup, portfolios are often used as test assets to minimize the measurement error and to keep the number of test assets manageable.
11 Thus, we first follow this convention and later supplement the portfolio results with individual stocks (Section 4.3). In the subsequent analysis, we employ another cross-sectional analysis method, namely, the Fama-MacBeth regressions (Section 4.4).
As test portfolios, we use the size-or BM-sorted decile portfolios. They are motivated by the fact that firm size and book-to-market ratio are the two most important firm characteristics correlated independently with average stock returns. Each portfolio is equally weighted and based either on the end-of-June market capitalization (for size-sorted portfolios) or on the end-ofDecember book-to-market ratio (previous fiscal year's book value divided by the end-ofDecember market capitalization; for book-to-market-ratio-sorted portfolios).
The first lines of Panels A and B in Table 3 report the average return on these test portfolios over the period during which foreign ownership is available. 12 They confirm the existence of the size and BM effects in the Korean market. We recognize that grouping stocks into portfolios causes a loss of information regarding the cross-sectional pattern in stock returns. However, as the test portfolios are sorted by the firm characteristics correlated with stock returns, they still provide a meaningful cross-section for which different asset pricing models can compete. For example, whereas the average stock return on 10 size-sorted portfolios ranges from 0.9 percent to 4.4 percent (Panel A), we found that the average monthly return on 248 (!) individual stocks whose returns are available over the same period ranges only between 0.4 percent and 5.4 percent.
It is because the much larger and more volatile returns on individual stocks are largely averaged away over time.
[Insert 
where R p,t is the return on test portfolio p, r f is the monthly risk-free rate, R mkt,t is the return on the market portfolio proxy, and FOF t , SMB t , and HML t are respectively the returns on the alreadydefined factor-mimicking portfolios. For the reason mentioned above, we focus our attention principally on the regression intercept and discuss the implications of the R-squared later.
When the 10 size-sorted portfolios are regressed on the market portfolio return alone, the estimated regression intercepts are economically and statistically significant for two of the 10 portfolios. They are the two smallest size decile portfolios, and thus the size effect that is not explained by the market beta difference is confirmed. Our two-factor model mitigates this problem. Among the ten test portfolios, only the smallest decile portfolio has a significant regression intercept. Moreover, the magnitude of its intercept is reduced from 3.5 percent for the CAPM one-factor model to 2.2 percent for the two-factor model. None of the other nine portfolios has a regression intercept whose t-statistic is greater than 1.8. The Fama-French threefactor model, although specifically devised to explain the size effect (and the value effect), performs poorly in the Korean stock market. The estimated regression intercepts are both economically and statistically significant for three of the 10 portfolios. The smallest decile portfolio has an intercept of 3.2 percent, and is similar in magnitude to the 3.5 percent estimated by the one-factor model. The second and third smallest portfolios, respectively, have 1.7 percent and 0.9 percent as the intercept estimate, and both have a t-statistic greater than 3.7.
The joint test for all the 10 intercepts lends further support to the two-factor model. with the size-sorted portfolio results, the two-factor model best explains the average returns on the BM-sorted portfolios and their cross-sectional variation. Specifically, the one-factor model yields three regression intercepts whose t-statistics are greater than 2. They are the three value stock portfolios (i.e., three highest book-to-market ratio portfolios), and thus confirm the value stock effect that is not explained by the market beta differences. With the two-factor model, only one regression intercept for the value stock portfolio is statistically significant (t-statistic = 2.54).
Finally, the three-factor model yields as many as six regression intercepts that are statistically significant. The joint tests for the intercepts also confirm the superiority of the two-factor model. Regression R-squared can also be used to compare the three models, although this statistics is more about the common variation in stock return and hence does not speak directly to the crosssection of average stock returns. For the smallest decile portfolio, the R-squared of the one-factor model is only 26 percent and, similar to the case in the U.S., they increase in firm size and reach a satisfactory level only for several large stock portfolios (e.g., Fama and French, 1993) . This pattern in the R-squared disappears when the FOF augments the market portfolio. The addition of FOF improves the R-squared for the smallest decile portfolio from 26 percent to 71 percent. The second smallest portfolio experiences similar improvement in the R-squares from 36 percent to 72 percent, and the third smallest portfolio from 49 percent to 75 percent. As a consequence, there is little pattern in the R-squared in relation to firm size. The R-squares are the highest when the Fama-French three-factor model is used, but the improvement from the two-factor model is rather marginal. We also note the decreasing pattern in the R-squared of the one-factor model with the book-to-market ratio, and that this pattern disappears when the market portfolio is complemented by FOF. Although the R-squared remains the highest when the three-factor model is estimated, the R-squared of the two-factor model appears satisfactory ranging from 69 to 84 percent.
We now switch to institutional ownership that is applicable only to the period ending in June 2005. With the IOF-based model, we pay attention exclusively to the regression intercept. After confirming the size and BM effects during this shorter period (reported in the first lines of Panels A and B), Table 4 shows that the two-factor model based on institutional holdings continues to outperform the other two models. Among the size-sorted decile portfolios, only the smallest portfolio has a significant intercept when it is regressed on IOF along with the market portfolio (tstatistic = 2.197). The intercepts of the other nine portfolios are all statistically insignificant with a noticeably small magnitude. The one-factor and three-factor models, however, generate a larger and more significant regression intercept with greater frequency. The GRS F-tests confirm further that the two-factor model performs the best with the smallest test statistic of 2.95; the F-statistics of the one-factor and three-factor models are 3.36 and 5.07, respectively.
[Insert Table 4 about here]
The BM-sorted portfolios reveal a similar or even stronger performance of the two-factor model. The return on the value portfolio can now be better explained, as its regression intercept has a t-statistic of 1.905, compared to the t-statistic of 2.544 for the FOF-based two-factor model.
However, the relatively poor performance of the growth portfolio is more pronounced (t-statistic = -2.017) with the IOF-based two-factor model. The CAPM one-factor and especially the FamaFrench three-factor models continue to show the inferior test results. The GRS F-statistic for the one-factor model is 1.96, and that of the three-factor model is 3.30, both of which are greater than the two-factor model's F-statistic of 1.78.
Time-series regression analysis -alternative specifications
To ensure the robustness of our portfolio results in the preceding sub-section, we adopt two alternative specifications. First, we employ individual stocks as test assets. This alternative specification is readily motivated, since grouping stocks into portfolios causes a loss of information regarding the cross-section of stock returns. To utilize the full information while containing the measurement error associated with the use of individual stock returns, only those stocks with a certain minimum number of monthly returns are used for the analysis. We estimate equations (1), (2), and (3) for each of those stocks, and examine the absolute value of the regression intercepts and the absolute value of the accompanying t-statistics, both averaged across the stocks. Note that the joint test for the regression intercepts is infeasible, since the number of test assets exceeds the number of time-series observations.
Panel A of Table 5 shows that the superior performance of the two-factor model is robust to using individual stocks as test assts. For the period from July 1992 to December 2006, the FOFbased two-factor model has both the lowest average absolute intercept and the lowest average absolute t-statistic for the intercept. This result is consistent across three different samples created by different minimum numbers of monthly returns (i.e., 60, 100, or the full time-series of 174 months). Since IOF is available for a shorter period, the analysis is repeated for this period with IOF in place of FOF. We find that the IOF-based two-factor model continues to outperform the other two models, except for the sample of stocks with at least 60 monthly returns.
[Insert Table 5 about here]
As the second alternative specification, we use the factor-mimicking portfolios themselves as test assets (one at a time). It is based on the concept that the average return on a factor-mimicking portfolio is the estimated premium of the underlying risk factor. Hence, by regressing one factormimicking portfolio on others, one can determine whether the hypothesized risk factor (i.e., the one used as the dependent variable) is indeed independent of other risk factors (i.e., the ones used as the explanatory variables). Specifically, the following equations are estimated: 
where OF is either FOF or IOF.
Panel B of Table 5 shows that when FOF is regressed on the three factors in the Fama-French model, the intercept is estimated to be 0.010 (i.e., average monthly return of 1 percent) and it is highly significant (t-statistic = 2.60). On the other hand, neither SMB nor HML have a significant alpha when regressed on the market portfolio and FOF, meaning that they do not command a return premium on their own once FOF is controlled for. However, it is worth noting that the regression of HML on the market portfolio and FOF has remarkably low adjusted R-squares (0.001). This implies that HML has its own variation that is useful in explaining the common variation in stock returns. Results are quite similar when FOF is replaced by IOF for the shorter period from July 1992 to June 2005.
Fama-MacBeth regression analysis
Thus far, we have utilized the time-series regressions to examine the explanatory power of an asset pricing model for the cross-section of average stock returns. Another approach to evaluating an asset pricing model is to see how well the risk factors suggested by the model fit the crosssection of stock returns on average. To this end, we use the two-step Fama-MacBeth (1973) regressions. Specifically, we estimate the loadings of a test asset on the suggested risk factors (e.g., CAPM β) via the time-series regressions, and use the resultant loadings estimates as the explanatory variables for the cross-section of returns across test assets. Finally, the cross-sectional regression coefficients are averaged over time to examine how those factor loadings are related, on average, to the cross-section of returns on the test assets. To minimize the errors-in-variables problem, we use 25 portfolios independently sorted by size and BM (i.e., intersections of five size-and BM-sorted quintile portfolios) as test assets. 14 Sorted along the two firm characteristics, our test portfolios guarantee that the loadings on the size and BM factors are sufficiently dispersed, further raising the bar for our two-factor model. Since the available time-series is relatively short (156 or 174 months), we estimate the factor loadings over the entire sample period as in Fama and French (1992) .
14 Results based on individual stocks are discussed later in this sub-section.
Panel A of we utilized individual stocks in this cross-sectional regression framework. However, we found that none of the factor loadings are significant, probably owing to the noise inherent in the loadings estimates.
[Insert Table 6 about here]
Robustness
In this section, we provide several robustness checks for the Korean results. Since foreign ownership is available for a longer period, we use it for these checks. We then analyze the Japanese data to put the Korean results into perspective.
Additional tests with the Korean data
FOF based on changes in foreign ownership
In the preceding analysis, we have used FOF based on the level of foreign ownership. We believe that using the ownership level is the correct way to construct the heterogeneity-augmenting factor, since it is different portfolio holdings that cause the market portfolio to deviate from the tangency portfolio. However, one may argue that changes in ownership can better speak to the disagreement among investors. One difficulty with this argument is that some of the trades are motivated by liquidity needs or portfolio rebalancing purposes, and are thus not necessarily an outcome of disagreement with other investors. However, we repeated our analysis by replacing the foreign ownership level measured at the end of year t with its changes during that year. As before, we use the rankings based on the foreign ownership changes for the stock returns from July of year t+1 to June of year t+2.
Even with this alternative specification for FOF, we found that our two-factor model outperforms the CAPM one-factor and the Fama-French three-factor models. To save space, we report only the test statistics here without tabulating the entire results. Against the size-sorted test portfolios, the GRS F-statistics are 3.65, 3.45, and 5.61 respectively for the one-factor, two-factor, and three-factor models. With the BM-sorted portfolios, the GRS F-statistic for the two-factor model is 1.85 and is again lower than the F-statistics for the one-factor or the three-factor model, which are 2.33 and 3.93, respectively.
Sub-period analysis
Some may wonder about how the foreign ownership restrictions influence our results. Those restrictions seem to be a binding constraint for foreign investors, since their ownership in the domestic market has been increasing with the lowering of the restrictions over time (Panel A of Table 1 ). However, so long as there is no substantial cross-sectional dispersion in those restrictions, the year-by-year foreign ownership rankings will provide useful information about the cross-section of average stock returns. In addition, the IOF-based two-factor model already confirmed that our results are not solely driven by foreign investors. Still, it is possible that foreign ownership restrictions truncate some of the observed foreign ownership and introduce a bias to our results. Hence, we repeated our analysis for the sub-period beginning in July 1998 on the grounds that the Korean stock market eliminated the foreign ownership restrictions after the 1997 financial crisis.
We found that during the post-crisis period, the two-factor model continues to outperform the other two models. With the size-sorted portfolios, the GRS F-statistic for our two-factor model is 1.81, which is lower than 2.27 for the one-factor model and 3.18 for the three-factor model. Using the BM-sorted portfolios as test assets, we found that the GRS F-statistic of the two-factor model is 1.89, whereas the statistics for the one-factor and the three-factor models are 2.34 and 3.69, respectively.
Herding?
What if one group of investors follows other investors? With such herding behavior, would there be any point in distinguishing among investors, for example, between domestic and foreign investors? We believe that this type of herding behavior actually reinforces the effect of investor heterogeneity. Suppose that domestic investors purchase stocks that foreigners are known to have bought. This herding will create a price pressure not only on the stocks in demand but also other stocks that are initially avoided by foreigners and subsequently by domestic investors. Hence, the prices of the demanded (avoided) stocks will be higher (lower) than they would otherwise be.
Initially, those demanded (avoided) stocks have a higher (lower) realized return due to the price pressure, but unless such demand shocks are present at all times, the higher (lower) prices will result in a lower (higher) average return in the subsequent period.
We verify the above conjecture by modifying the specification of the change-based FOF (which was employed in Section 5.1.1). Specifically, to examine the effect of using contemporaneous -as opposed to subsequent -return, we associated the rankings based on the foreign ownership changes during year t with the stock returns from January to December of year t (instead of the stock return from July of year t+1 to June of year t+2). We found that this alternative change-based FOF has an average monthly return of -1.7 percent with a t-statistic of -5.17. We have already seen that once we use the subsequent returns (i.e., from July of year t+1 to June of year t+2), the average return on FOF is a positive 0.7 percent and the two-factor model using this version of FOF outperforms the other models. In a nutshell, the negative average return on the change-based FOF using the contemporaneous stock return indicates that the stocks purchased by foreign investors do, indeed, experience a price increase. At the same time, the positive average return on the change-based FOF using the subsequent stock return, as well as on the level-based FOF, suggests that such demand shocks are not present at all times but are transient and that stock prices are adjusted back to their equilibrium level after the demand shocks vanish.
Using foreign equity capital flows
We now approach the demand shock story in the previous sub-section from a different angle.
As recognized by Gompers and Metrick (2001), a factor model using the ownership of a certain investor group can be empirically successful simply because it picks up the return commonalities caused by the demand of that investor group for stocks with certain characteristics, rather than the model capturing the commonalities due to their similar exposure to the priced risk factor(s). To address this possibility, we identified and excluded the months with very large (either top 10 or 20 percentiles) net foreign equity capital inflows from our analysis, since they may correspond to greater demand for domestic stocks by foreign investors. The reader should, however, be cautioned that to the extent that the foreign equity capital flows are correlated with the macroeconomic shocks, this approach reduces the power of the test.
Without the top 10 percent months, we find that the GRS F-statistics for the size-sorted portfolios are 3.91, 4.07, and 6.47 respectively for the one-factor, two-factor, and three-factor models. With the BM-sorted portfolios, the statistics are 2.90, 2.66, and 4.00 respectively for the three models. When the 20 percentile is used as a cutoff, the results remain similar. Although the GRS F-tests are not conclusive between the one-factor and two-factor models, the magnitudes of the regression intercepts for the size-sorted portfolios and the incidences of the statistically significant intercept clearly favor the two-factor model. We do not tabulate those results to save space, but they are available from the authors upon request.
Tests using Japanese data
We now utilize the Japanese data. The test procedure is identical to the one used for Korea, but whenever a different procedure is warranted, we follow Daniel, Titman, and Wei (2001) (e.g., portfolio rebalancing at the end of September rather than June; see Section 3 for details).
Summary statistics of factor-mimicking portfolios
We provide the summary statistics of the Japanese FOF (or IOF) and other factor-mimicking portfolios in Table 7 . Although the premiums for the factor-mimicking portfolios are smaller than those for the Korean market, they are all positive. In particular, the premiums for FOF and IOF, both estimated to be 0.4 percent per month, seem to be reliably different from zero with the tstatistics of 2.029 and 2.849, respectively. As in the Korean stock market, both FOF and IOF are significantly positively correlated with the SMB.
[Insert Table 7 about here]
One concern is a large negative value for HML (i.e., a minimum of -1.250). Due to this extreme value, the premium for HML is estimated to be as low as 0.4 percent per month with a tstatistic of 0.930. Excluding this outlier, the premium increases to 0.7 percent per month with a tstatistic of 4.76. In the subsequent analysis, we thus investigate the effects of this extreme value for HML on our results and inferences.
Time-series regression analysis
The size effect manifests itself in the first line of Panel A, Table 8 . We note that the magnitude is smaller than the one observed in the Korean market (1.3 percent per month in the Japanese market vs. 3 percent per month in the Korean market). To investigate this issue further, we estimated the size effect in both markets during the same estimation period from July 1992 to December 2004, and found that the Korean size effect is 2.7 percent per month and is therefore greater than the Japanese size effect of 1.2 percent. This pattern suggests that the Japanese stock market allows for smaller room for additional factor(s) besides the market portfolio.
[Insert Table 8 about here]
As shown in the remainder of the first panel, the time-series regression results show virtually the same pattern as those for Korea. Most importantly, the two-factor model (based either on FOF or on IOF) renders all the regression intercepts insignificant except for the one for the smallest portfolio. A significant regression intercept is found more frequently with the one-factor model (3 times) and the three-factor model (2 times). Finally, both the Wald statistic and the GRS Fstatistic favor the two-factor model over the other two models. For example, the GRS F-statistics are 3.16, 2.88, 2.34, and 2.94 respectively for the one-factor, the FOF-based two-factor, the IOFbased two-factor, and the three-factor models.
The second panel of Table 8 shows the results when the BM-sorted portfolios are used as test portfolios. The first line reports the value effect in the Japanese market. Its magnitude is 1.3 percent per month and is again smaller than the value effect of 2.5 percent per month in the Korean market. The difference continues to be observed during the same estimation period: it is 2.3 percent for Korea vs. 1.4 percent for Japan. Again, the need for additional factor(s) seems to be smaller in the Japanese stock market.
The time-series regression results continue to show that the two-factor model performs the best. In terms of the number of incidences of a significant regression intercept, the one-factor model is inarguably the worst, with six such incidences. However, between the two-factor and the three-factor models, both have three significant regression intercepts for one growth and two value portfolios. The Wald and GRS tests point to the two-factor model as the front-runner, but the difference between the two models is rather modest.
In an unreported result, we repeated the analysis without the month when HML has a very negative value of -1.250. With the remaining 338 months, the Fama-French three-factor model performs much better for the BM-sorted portfolios. However, the IOF-based two-factor model still outperforms the three-factor model against the size-sorted portfolios.
Time-series regression analysis -alternative specifications
To utilize individual stock returns, we again require that a certain number of monthly returns be available of each stock. Panel A of Table 9 shows that the two-factor model best explains the cross-section of average monthly return on individual stocks. Consistent with the portfolio results, however, its outperformance relative to the three-factor model is not as pronounced as in the Korean market. For example, with 1,583 stocks having at least 60 monthly returns, the two-factor model yields the lowest average absolute t-statistic for the intercept, but the average absolute value of the intercept itself is slightly greater than that of the three-factor model. With the smaller sample of 1,216 stocks meeting the minimum requirement of 200 monthly returns, the two-factor model is definitely better than the three-factor model, but the comparison again becomes inconclusive in the third sample of stocks whose returns are available over the entire sample period. However, it is also instructive that our two-factor model best performs unanimously when the month with the extreme HML value is excluded. Both the average absolute values of the regression intercept and its t-statistic are the lowest with the two-factor model, and this finding is robust to the three different samples and the two different heterogeneity measures.
[Insert Table 9 about here]
With the second alternative specification in which one of the factor-mimicking portfolios is used as a test asset (Panel B), we find that no model emerges as the front-runner. Interestingly, one consistent pattern across the two markets is that a large fraction of HML's variation is not explained by other factor-mimicking portfolios, since the regression R-squared is only 2.3 percent by the FOF-based two-factor model and 3.6 percent by the IOF-based two-factor model. Recall that the corresponding R-squared for the Korean market was even smaller (Table 5 ). This result confirms the earlier conjecture that HML is useful in capturing the commonalities in individual stock returns that do not necessarily command a premium.
Fama-MacBeth regression analysis
Finally, we examine the Japanese market using the Fama-MacBeth regressions. As shown in Table 10 , the loading on FOF (or IOF) clearly dominates the loading on SMB. However, the loading on HML remains significant even together with the loading on FOF (or IOF) in the same regression. These results remain robust when we exclude the month with a large negative value for HML of -1.250. The stronger explanatory power of HML in the Japanese market as compared to the Korean market is consistent with earlier studies such as Daniel, Titman, Wei (2002) . All in all, the Fama-MacBeth regressions in the Japanese market lend support to our heterogeneityaugmented two-factor model, but its superiority, particularly to the Fama-French three-factor model, is not as obvious as in the Korean market.
[Insert Table 10 about here]
Conclusions
In this paper, we examine whether investor heterogeneity can be used to explain the crosssection of average stock returns. The idea of using investor heterogeneity for asset-pricing purposes is motivated by the fact that the inefficiency of the market portfolio is caused by heterogeneity. In other words, our idea is to augment the inefficient market portfolio by directly addressing the source of its inefficiency, so that we can obtain a satisfactory multivariate proxy for the tangency portfolio. We further conjecture that this heterogeneity-augmented asset pricing model is particularly useful for emerging markets where investor heterogeneity is expected to be more severe and thus the heterogeneity-driven inefficiency in the market portfolio is economically more crucial. Our approach is, therefore, in sharp contrast to the traditional firm characteristic-based multifactor models that hypothesize additional priced risks.
We verify empirically the feasibility of this idea using a heterogeneity-augmenting factor mimicked by the portfolio long in low foreign (institutional) ownership stocks and short in high foreign (institutional) ownership stocks. Specifically, in the Korean stock market where both heterogeneity measures are available on a large number of firms for a reasonably long period of time, we find that the two-factor (i.e., market portfolio + heterogeneity-augmenting factor) model outperforms both the CAPM one-factor model and the Fama-French three-factor model. We also examine a developed country with similar data availability, namely, Japan, and find that the twofactor model continues to outperform the one-factor and the three-factor models. However, the superiority of the two-factor model in the Japanese market is not as obvious as in the Korean market. The stronger performance of the two-factor model in the Korean stock market confirms that investor heterogeneity is useful particularly for emerging market asset pricing. This table reports the average monthly returns on the test portfolios (sorted either by size or by BM) and the timeseries regression intercept (α). Size-sorted portfolios are equally weighted and are based on end-of-September market capitalization. BM-sorted portfolios are equally weighted and based on end-of-March book-to-market ratio. Factor-mimicking portfolios used as the explanatory variables in the regressions are defined in Table 7 
